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Abstract: The cross-scale resilience model was developed in ecology to explain the 
emergence of resilience from the distribution of ecological functions within and across 
scales, and as a tool to assess resilience. We propose that the model and the underlying 
discontinuity hypothesis are relevant to other complex adaptive systems, and can be used to 
identify and track changes in system parameters related to resilience. We explain the theory 
behind the cross-scale resilience model, review the cases where it has been applied to  
non-ecological systems, and discuss some examples of social-ecological, archaeological/ 
anthropological, and economic systems where a cross-scale resilience analysis could add a 
quantitative dimension to our current understanding of system dynamics and resilience.  
We argue that the scaling and diversity parameters suitable for a resilience analysis of 
ecological systems are appropriate for a broad suite of systems where non-normative 
quantitative assessments of resilience are desired. Our planet is currently characterized by 
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fast environmental and social change, and the cross-scale resilience model has the potential 
to quantify resilience across many types of complex adaptive systems. 
Keywords: complex adaptive systems; cross-scale dynamics; discontinuities; quantitative 
resilience; multidisciplinary application; social-ecological systems 
 
1. Introduction 
Scientists often have a poor understanding of the system-level behavior and dynamics of complex 
systems, such as ecosystems, economies, or integrated social-ecological-economic systems, whereas 
they are more likely to have a highly refined understanding of the components of complex systems, 
such as species or the behavior of individuals in an economy. The essence of a complex system, 
however, is that its behavior cannot be deduced from simply aggregating knowledge of the components. 
This fundamental constraint compels the need for tools that allow us to track the impact and 
consequences of localized changes or disturbances on system-level behavior and dynamics over time 
and space. The field of resilience science in ecology has studied resilience as an emergent system-level 
feature of complex ecological and social-ecological systems, and has developed a tool for quantitatively 
assessing ecosystem resilience, called the cross-scale resilience model. We argue that the cross-scale 
resilience model, which focuses on the emergence of resilience from the distribution of key elements 
within and across system scales [1] can be applied to other types of complex systems. The purpose of 
this paper is to explain the model and the theory underlying it, its relevance to other complex adaptive 
systems (CASs), and how it can be used in a resilience assessment. 
Once the provenance of ecology [2], artificial life [3], and genetics [4,5], the application of complex 
adaptive systems theory to new fields has broadened considerably, from health care (data flows and human 
interactions) [6], food and water security [7], software development [8], business [9], legal systems [10], 
medical research [11], engineered systems such as electrical grids and traffic management [12,13], urban 
water systems, [14] and many more. Scientists are embracing a more complex view of system 
dynamics, and moving beyond long-held assumptions of linear equilibrium behavior for many different 
types of systems. Understanding universal, or at least broadly applicable, rules of complex systems 
behavior would assist the challenging task of understanding the “wicked problems” society faces, such 
as rapid environmental and social change including climate change, economic and socio-cultural 
challenges, biodiversity loss, and the degradation of social-ecological systems [15,16]. 
Comparative analyses of complex systems have, in fact, demonstrated commonalities among distinctly 
different types of systems [17–21]. Both biological and non-biological complex systems appear to 
evolve and be structured by similar principles, leading to a limited set of possible topological structures, 
organization, dynamics and behavior that are to some extent universal across system types [21–24]. 
Levin (1998) proposed that the essential elements of a complex adaptive system can be reduced to 
three elements: “sustained diversity and individuality of components; localized interactions among the 
components; and an autonomous process, where based on the results of local interactions, a subset of 
the components is selected for replication or enhancement (p. 432).” From these essential elements 
flow the other key features of a CAS: adaptation and introduction of novelty [25], non-equilibrium 
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dynamics as a result of the dispersed and local nature of selection, the absence of top-down global 
control, and the emergence of hierarchical organization and other emergent phenomena [26]. Of these 
features, scaling, hierarchical organization and the emergence of resilience is our focus. Resilience is 
the ability of a system to remain organized around the same set of processes, structures, and functions [27]. 
Within ecology, two parallel avenues of research have examined properties of CASs and their 
implications for system stability and resilience. The first, network theory, has uncovered rules of 
topological structure regarding the ways nodes are connected to each other using graph theory [22,28], 
and examined the extent to which different topologies are resilient to random or targeted node  
loss [29–31]. In ecosystems, nodes are frequently modelled as species, connected to each other in food 
webs that generate emergent properties of information storage (such as genetic material), material and 
energy flow, resilience, and adaptive capacity [22,32–34]. Network theory has been widely applied to 
understand the effect of topological properties like connectance on the function and resilience of a 
broad array of CASs, from the internet, to social systems, and the brain [33,35,36]. However, network 
theory does not yet account for hierarchy and scaling in a non-arbitrary way when it considers scaling 
at all. Any scales identified are typically user-defined levels, as in when food-webs are stratified by 
trophic level [37]. 
The second research avenue, that of ecological resilience [27], was inspired by the multi-scalar and 
hierarchical organization of ecological systems. In particular, the discontinuity hypothesis was 
developed as a mechanistic explanation for the way species’ interactions with the hierarchical, scaled 
nature of their environment structures communities [38]. The cross-scale resilience model extended the 
discontinuity hypothesis by providing a testable hypothesis for how system-level resilience can emerge 
from species’ interactions with environmental structures and processes that vary with scale [1]. This 
model has provided one of the few quantitative measures of resilience available to date [39–41], 
despite the widespread uptake of the resilience concept. It specifically accounts for scaling and 
hierarchy in ways that network theory does not, but conversely, it can only speak to the relationships 
between objects in a system in a general way. 
We propose that the cross-scale resilience model may describe fundamental patterns in CASs 
resulting from dynamics that are general to other types of hierarchical CASs. Here, we discuss some of 
the relevant theory underpinning ecological resilience, the discontinuity hypothesis, and the cross-scale 
resilience model, discuss recent examples from non-ecological systems, and then propose some 
systems for which we believe a cross-scale resilience analysis would be fruitful. We expect that a 
broader application of the cross-scale resilience model to different types of CASs will not only offer 
possibilities to increase our mechanistic understanding of the organization of ecological, social, and 
economic systems by complementing existing methods in those fields, but also help provide insight 
into management and policy challenges under fast-changing environmental and social baselines. 
Shared principles amongst systems has the pleasing consequence that theory, modeling and tools 
developed within one field for a particular type of CAS may be pertinent to another field, creating 
powerful opportunities for shared learning and collaboration. 
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1.1. Resilience 
The development of resilience theory has received considerable attention in recent years [24,40,42–45]. 
Ecological resilience is the ability of a system to remain organized around the same set of processes, 
structures, and functions [27]. The degree of resilience in a system is a measure of how much 
disturbance the system can buffer without moving into an alternative regime [1]. This is a distinctly 
different view of resilience than the more traditional engineering resilience, which defines resilience as 
the return time to equilibrium after a system has experienced a disturbance [46]. Engineering resilience 
presumes a single steady state, which is at odds with our current understanding of the dynamics of 
CASs. In practice, this means that once a CAS has shifted from Regime A to Regime B, an 
engineering view of resilience would incorrectly assume that the system would eventually rebound to 
Regime A without substantial intervention. Resilience theory has demonstrated that breaking the 
feedbacks that maintain the system in Regime B can be very difficult [47]. 
Resilience theory is built on an understanding of social-ecological systems as CASs, thus it assumes 
non-linear dynamics, and multiple possible basins of attraction governed by different regimes (i.e., 
different sets of processes). The ability to identify regime thresholds and provide early warnings of 
regime shifts is a vigorous area of current research [42,48,49]. Regime shifts are often abrupt,  
non-linear transitions between basins of attraction that occur when the threshold for a critical system 
driver is exceeded. When the resilience of a system is reduced, systems are more vulnerable to a 
potential regime shift. Fold-bifurcation threshold dynamics are common in ecological systems, where 
even a small change in conditions can trigger an abrupt regime shift if a bifurcation threshold is 
passed, and hysteresis, or the inability of a system to move backward and return to a previous regime, 
is possible [47,50]. Regime shifts in ecosystems epitomize the practical relevance of resilience 
research because the outcomes of regime shifts are uncertain, and frequently have negative 
consequences in the form of reduced ecosystem provisioning or increased human poverty [51,52]. 
The relevance of resilience theory to other types of CASs is possible in part because order and 
pattern can emerge from the dynamics of self-organization in the absence of natural selection, merely 
from local interactions between agents [5]. Thus, although natural selection and evolution have 
corollaries in other fields—businesses as the objects of natural selection, or the evolution of CASs 
such as civilization, economies, or cities (see [53,54]), the emergence of higher-order phenomena such 
as resilience from lower-order localized interactions is not dependent on genetic-based natural 
selection [55]. It is increasingly clear that economies and other types of social systems have dynamics 
more appropriately described by the science of CASs than that of simple, linear dynamics, and tools 
like the discontinuity hypothesis and the cross-scale resilience model can be used to explore 
commonalities and differences in the basic dynamics of different types of CASs [53,54]. 
1.2. The Discontinuity Hypothesis 
The discontinuity hypothesis describes hierarchy and scaling in ecological systems as a result of 
structuring processes that occur over limited ranges of spatial and temporal scales. In ecological 
systems, some processes occur with high frequency and at small spatial scales, while others are slow 
and operate at large spatial extents, creating hierarchy and heterogeneity. Because the characteristic 
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rate and extent of key structuring processes differ sufficiently, they create scale domains or ranges of 
scale over which patterns change monotonically or not at all. For example, Wiens [56] describes the 
scaling of transpiration, which is regulated by stomatal mechanisms at the scale of a leaf, but by 
climate at the scale of vegetation regions. Likewise, the processes that regulate the turnover of a pine 
needle differ fully from those that determine the location and extent of the boreal forest [38]. Scale 
domains are separated from each other by a non-linear transition (a discontinuity) to the next set of 
structuring processes [38,56]. 
The discontinuity hypothesis is based on our understanding that species perceive and interact with 
their environment at scales that are relative to their body size, and persistence depends in part on how 
well a species’ body mass allows it to take advantage of the resources available at a specific  
scale [38,57,58]. Animal body mass distributions for a given ecosystem consist of groups of  
similarly-sized species that exploit resources at similar scales. That is, each body mass group mirrors a 
specific scale of structure and resource availability in the ecosystem, such that the number of body 
mass groups indicates the number of scale domains present. These body mass groups are separated by 
gaps, which reflect a scale break (discontinuity), or transition to a new scale domain. Many animal 
communities have been tested for discontinuities with affirming results [38,59–62]. 
The discontinuity hypothesis relates to a general problem in ecology and other scientific disciplines 
regarding the quantification of scale in complex systems in non-arbitrary ways [63,64]. There have 
been few tools available for identifying the fundamental scales present in a system rather than defining 
levels of organization based on observer bias. Wiens [56] wrote, “we need non-arbitrary, operational 
ways of defining and detecting scales” and went on to ask, “How may we recognize domains of scale 
in a way that avoids arbitrary imposition of preconceived scales or hierarchical levels on natural 
variation?” The strength of the discontinuity analysis is that it is a tool for identifying the available 
scales of structure in a system without imposing human preconceptions. There are a variety of methods 
for detecting discontinuities, such as Bayesian classification and regression trees (BCART), Monte 
Carlo approaches (such as the Gap Rarity Index), and hierarchical cluster analysis [39,65–67].  
These methods are used on rank-ordered body mass data for all the species in an ecological community 
(such as all the birds, mammals, or herpetofauna). Body mass can be obtained from general 
handbooks, as the patterns of aggregations and discontinuities in a system are highly robust to 
geographic variation and gender differences in body size [68]. Alternatively, discontinuities have been 
found by identifying where the fractal dimension of ecological structure changed abruptly, indicating 
that different structuring processes are dominant [61,69]. Time series modeling has also been used to 
identify temporal frequency patterns of groups of species at multiple scales within aquatic 
communities, as well as to evaluate aspects of cross-scale resilience, allowing for a more dynamic 
assessment of the discontinuity hypothesis [70,71]. All these tools are well established in the 
ecological literature and are readily applicable to other types of CASs. Once the pattern of 
aggregations and discontinuities has been identified using the methods described above (or other 
approaches), then the distribution of key elements thought to generate resilience can be evaluated, as 
per the cross-scale resilience model [1,40,72,73]. This approach identifies patterns in data, and the 
consistency of observed patterns with the posited cross-scale resilience model, but underlying 
causation is still debated [64,74]. 
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1.3. The Cross-Scale Resilience Model in Ecology 
The cross-scale resilience model emphasizes the compartmentalization by scale of the functional 
traits relevant for the maintenance of ecosystem processes. It posits that the distribution of functional 
traits within and across spatial and temporal scales in an ecological system is non-random, arises from 
processes of self-organization (positive interactions between structure, biota and process), and results 
in system-level resilience. Functional diversity, more so than species diversity, has proven crucial for 
the persistence and resilience of ecosystems and ecological functions such as primary productivity and 
pollination over time [75–77]. Species perform functions such as seed dispersal, pollination, 
decomposition, and nutrient cycling, and create feedbacks that maintain the ecosystem in a particular 
regime. The cross-scale resilience model posits that resilience derives from the overlapping but  
diverse functions within a particular scale domain, and the replication of function across the scales of a 
system [1]. Since disturbances do not affect all scales of a system equally, this pattern of functional 
distribution buffers the system against disrupted or lost functionality even if species are lost or reduced 
in abundance [1,61,72,75,78]. 
Local interactions such as competition should drive species to differentiate in key ways to allow for 
co-existence [79]. Species that use similar resources are more likely to co-exist if they take advantage 
of different scales of resource distribution because this weakens their competitive interaction [1,80]. 
Species that interact with ecosystem structure at the same scales because of similar body sizes should 
tend to have a greater fitness if they utilize different resource types. A non-random distribution of 
species functions is thus a result of species interactions within a discontinuous template. Functional 
response diversity is also a component of resilience [81,82]. Response diversity is the degree to which 
species respond differently to a shared disturbance [83]. If all species belonging to the same functional 
group also respond similarly to environmental disturbance, then the response diversity is essentially 
one. If, however, species in the same functional group are differentially affected by a disturbance, then 
species less adversely affected can compensate for those species more severely impacted by the 
disturbance. The distribution of members of the same functional group across the scale domains of a 
system adds another layer of buffering against disturbances, because disturbances do not affect all 
scales of a system equally. The cross-scale resilience model proposes that resilience is enhanced when 
there is a diversity of functional groups within a scale domain, and a redundancy of functional groups 
across the scale domains, because this pattern will allow the system to absorb and buffer disturbances 
at a variety of scales due to compensatory dynamics [72,78]. Resilience is thus a consequence, and an 
emergent property of, complex discontinuous systems. 
1.4. An Example of the Cross-Scale Model in Non-Ecological Systems 
Only a small body of work has explicitly extended either the concept of discontinuous scaling in 
complex systems or the cross-scale model of resilience to non-ecological CASs [84–86]. Researchers 
applying the discontinuity analysis to city sizes found that the distribution was discontinuous, as city 
sizes within the south-eastern region of the United States fall into discrete size classes with growth 
rates that differ at different scales [84]. Discontinuities appear as gaps in rank-size distributions of city 
size within a region. Even though cities grew or shrank over time, the overall distribution pattern 
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remained discontinuous, suggesting that the size classes reflect the scales of opportunity available in a 
given system and the processes that structure city size operate at discrete spatial and temporal scales [84]. 
In a follow-up to this work, Garcia et al. [87] analyzed the evolution of this city size distribution 
calculating Markov transition matrices that show the probability of a city moving up or down a size 
class or “state”. They found that while short-term movements between size classes appear chaotic for 
the small to mid-sized cities, long-term transition probabilities across all size classes reveal relatively 
conservative system structure. Furthermore, the most persistent cities were the largest cities in the 
analysis, which lends further strength to the proposition that urban systems partition into levels in a 
dynamic hierarchy [88]. 
In another example, Garmestani et al. (2006) examined firm size distributions for manufacturing 
firms for the state of South Carolina, USA. They demonstrated that industrial sectors are comprised of 
firms that are clustered in size classes. They characterized resilience in industrial sectors [85] by 
following the cross-scale resilience model of Peterson et al. [1] and analyzed whether the coefficient of 
variation in employment trends (a proxy for resilience), was correlated to functional richness within an 
industrial sector. Functional richness was the number of size classes within an industrial sector, and the 
distribution of functional groups across the size classes, with functional groups represented by  
sub-sectors within an industrial sector. They expected that a more resilient industry would have more 
stable employment trends, and that this resilience would be correlated to having a higher functional 
diversity spread across more size classes within that industry. They found that manufacturing 
industries with greater functional richness spread across size classes exhibited less volatility in 
employment. The ability of small and large firms to adapt to variability in their “environment” without 
adding or shedding members suggests that economic resilience is enhanced when firms of different 
sizes emerge or are encouraged to emerge within industries. 
2. Applying the Cross-Scale Resilience Model to Other Complex Adaptive Systems 
There are four assumptions underlying the cross scale resilience model that are germane to other 
complex systems. We describe those assumptions and their implications using a well-established 
ecological example (Figure 1). The first assumption is that there are key processes in a complex system 
(A) that generate scale domains of structure (B) in a system. These scale domains are the “deep 
structure” of a system. Because the deep structure is scale specific and discontinuous, so too is the 
distribution of the components (C) (examples of C would be the organisms in ecological systems, or 
cities in regional systems) interacting with that structure. Resilience (D) emerges from the way critical 
functional attributes of these components are distributed across the discontinuous scale domains. 
Ideally, all these assumptions would be tested to understand CAS dynamics mechanistically, but 
assessing the processes that create the deep structure is often limited because some processes act over 
such broad spatial and temporal extents that they are challenging to measure. These limitations make 
an assessment of (A) difficult. However, determining (B) through (D) allows for the detection of 
patterns relevant for inferring resilience without the need to understand causal mechanisms. For 
example, Garmestani et al. [85,89] found that both firm size and city size were reasonable analogues of 
animal body size, as firms and cities fell into distinct aggregations of similarly-sized firms with scale 
breaks between size classes, but they did not identify the scale-specific processes that generated the 
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deep structure. Nevertheless, their identification of discontinuities and aggregations in system features 
such as firm size and city size provided insight into the dynamics of those urban and social systems, 
and their implications for resilience. This is useful for researchers applying tools across CAS types, 
because the distribution of key functional elements within and across the system scales should be a 
signature of emergent resilience (e.g., [90]). 
Figure 1. Four layers of a cross-scale resilience model using simplified grassland. First, the 
key processes occur at discrete spatial and temporal scales, creating the heterogeneous and 
hierarchical scales of deep structure present in the system. Animals interact with the deep 
structure allometrically with their body size and are more likely to persist if their body 
mass is congruent with the scales of deep structure present. Resilience emerges from the  
non-random distribution of functions as performed by species within and across the scales 
of the system. 
 
Because CASs are capable of existing in multiple different basins of attraction, defined by alternate 
regimes [48,49], it is important to understand the resilience attributes associated with each regime [91]. 
For instance, a lake can exist in a clear-water, oligotrophic regime, and a turbid-water, eutrophic 
regime. The turbid regime results from excessive nutrient loading and is undesirable because of 
reduced ecosystem service provisioning. The turbid state can also be resilient, making it extremely 
difficult to manage back into an oligotrophic regime [50]. Terrorist networks, composed of small cells 
that operate at discrete spatial and temporal scales and with limited cross-scale interactions, are also 
highly resilient to disruption because of the discontinuous structure of their organization. In both cases, 
this is not a resilience that is desirable [92]. Understanding what generates resilience and how to 
quantify it is of interest for any CAS upon which humans depend, because that knowledge can be 
applied to management efforts. Michael Batty expresses a similar sentiment on the limits of urban 
planning when he writes, “as we learn more about the functioning of such complex systems (cities), we 
will interfere less but in more appropriate ways” [93]. Other examples include social-ecological 
systems upon which we depend for food, water, recreation, and other values; our economic systems 
upon which much human well-being is dependent; socio-political systems which provide the stability 
to pursue a high-quality life; and the human body, including neurological and other biophysical human 
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sub-systems. We describe the application of the cross-scale resilience model to several types of 
complex systems below (see also Table 1). 
Table 1. Examples of types of complex adaptive systems and variables that may be 
conducive to a cross-scale resilience analysis. 
Systems Variable Functional Attribute 
Social-ecological/Urban 
Systems 
Population size 
Emergency services 
Production 
Transportation options 
Employment diversification and evenness 
Energy grid 
Food network 
Types of open spaces 
Ecosystem services 
Socio-cultural Systems 
Population size 
Government size/type 
Cultural diversity 
Educational opportunities (e.g., years of schooling) 
Socio-economic diversity 
Political upheaval 
Size of governed area 
Economic Systems 
GDP 
Size classes of industry  
types within an economy 
GINI coefficient 
Stock market indexes 
Industry types (product diversity, export diversity), 
Natural Resource Dependence 
Employment (qualifications, redundancy) 
Standard-of-living measures 
Market sectors 
Socio-historical 
Systems 
Population size 
Access to environmental resources 
Social connectivity within and across scales 
Type of governance 
2.1. Social-Ecological 
The development of resilience theory in the last two decades has occurred almost exclusively within 
the realm of ecology. Much of the research conducted on ecosystems has treated humans as external to 
the system, but has developed quantitative methods to assess resilience (such as the cross-scale model) 
and the probability of regime shifts [67,94], while another large body of work dealing explicitly with 
social-ecological systems has tended to focus on conceptual frameworks and assessments of resilience 
proxies [95–97]. Work focused on social-ecological resilience, could, in some instances, benefit from 
the quantitative identification of domains of scale, instead of relying on more arbitrary levels of 
organization within the system of interest. This allows for the specific identification of key processes 
structuring critical scales, or the distribution of functions or services deemed critical for maintaining 
social-ecological resilience. For example, Janssen et al. [98] provide a detailed case study assessment 
focused on configurations of social-ecological systems that have been resilient on century-time scales, 
but while they use scales to describe ecological/biological processes, they use “levels” to describe 
human organization structures. The implication is that scales in human systems are observer-dependent. 
We argue that while the key processes that constrain and structure human organizational structures are 
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often different from those that structure ecological systems, they are nonetheless likely to be few and 
operate at discrete spatial and temporal scales that may or may not coincide with organizational levels. 
Work on ecosystem services such as crop pollination [75] has shown that the stability of crop 
pollination is dependent on the response diversity and cross-scale distribution of the regional bee 
population, but the authors pre-selected seven scales of analysis, rather than using raw data to 
determine the scales at which bees interacted with the landscape [75]. Ecosystem services is a highly 
pertinent research topic given the rates of global land conversion, risks associated with climate change, 
and trends towards urbanization [16,99–101]. Objectively identifying the characteristic scales at which 
particular ecosystem services are distributed and the key processes or variables structuring those 
services would be of value. Furthermore, almost all ecological work focused on scales only considers 
spatial scales, by drawing buffers of arbitrary size around the focal phenomenon. This fails to identify 
the actual scales present, and does not account for a significant portion of the influence of scale—the 
temporal domain. 
Urban systems can be considered a subset of social-ecological systems, as both cities and linked 
networks of cities are considered CASs [99]. Landscape ecologists have recently tackled regularities 
and deviations in patterns of development in urban systems, using metrics from hierarchical patch 
dynamics [102]. Using the cross-scale resilience model as an alternative method to identify key scales 
within urban systems would be an interesting validation of the landscape ecology approach. If similar 
scale domains were identified, the benefit of the cross-scale model is that it allows an evaluation of 
resilience by assessing how the distribution of key elements within and across those scales may impact 
urban resilience. Another body of work on urban systems has focused on uncovering universal urban 
scaling laws, usually in the form of power laws, that demonstrate how the size of a city scales with 
demographic, socio-economic and behavioral urban features such as crime rates, rate of innovation, 
and energy use [103,104]. It is likely that the power-law fit for many of these urban features masks 
deviations and discontinuities that reflect structuring processes that are not scale-invariant, and would 
allow researchers to determine why some cities are resilient and persistent over time, as compared with 
others [84,86]. Bettencourt et al. [103] write, “Scaling laws provide the average baseline behavior and 
the null-model for addressing how to rank cities meaningfully and assess the effects of local events, 
historical contingency and policy, independently of population size. We show how deviations from 
scaling laws can be used to construct truly local measures of a city’s organization and dynamics”. 
Ernstson et al. [99] argue that urban-ecological processes operate at multiple spatial-temporal scales 
and that cross-scale interactions are key to understanding system-level resilience. We suggest that 
deviations from scaling laws may not be confined to local contingency, but reflect structuring 
processes that are scale-specific and general across social-ecological systems, as in the work on human 
cognition that suggests that people can only meaningfully interact with roughly 150 other people, thus 
structuring social networks at that scale domain [105,106]. Just as the key processes that structure 
ecological systems are few and occur at characteristic spatio-temporal scales, the processes that 
structure human social organization appear to be as well [106–108]. 
An analysis of the rank-ordered distribution of the population of 179 U.S. Bureau of Economic 
Analysis-defined economic areas within the United States of America shows that there are six distinct 
size classes within the data set, which ranged from 80,415–23,285,781 people (Figure 2). An 
Economic Area reflects regional markets surrounding metropolitan or micropolitan statistical areas, 
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which are defined based on commuting and newspaper readership data (see [109]) Size classes were 
identified using standard methods [66,86], and the number of classes was consistent with regional 
distributions analyzed by Garmestani et al. [89]. Time series analysis on this nation-wide BEA data set 
would allow researchers to examine robustness of size classes over time and the key processes 
generating the size classes, transitions of regions between size classes, and features of regions that 
promoted resilience and stability or were destabilizing over time. 
Figure 2. Discontinuous distribution of 2011 Bureau of Economic Analysis (BEA)-defined 
economic regions for the United States of America. Bars represent size classes, while 
shading indicates what percentage of the 179 BEA regions fall into each size class. Bars 
are separated from adjacent size classes by significant gaps, or discontinuities. 
 
2.2. Archaeology/Anthropology 
Human social organization has been explored by archaeologists, anthropologists and social 
historians from two primary viewpoints: the growth and development of human social organizations at 
all levels of organization over time, and the collapse of said organizations [54,110]. Despite the fact 
that human social organizations as CASs is widely accepted, few archaeologists have pursued complex 
systems theory as an avenue for exploring these dynamics of development and collapse over time 
(though see [105,111,112]). Interestingly, archaeology has recently embraced many of the basic 
concepts associated with resilience theory, especially that of the adaptive cycle [113–116]. The 
adaptive cycle provides a conceptual framework for understanding the dynamics of a system that 
moves through cycles of accumulation, collapse, and renewal, which were already a central focus in 
archaeological research. Much of this work, however, is largely descriptive and fails to objectively 
identify underlying scales of deep structure that might drive system dynamics over time [31]. Rather, it 
relies on human organizational levels and uses resilience theory and the adaptive cycle as an extended 
metaphor for explaining development and collapse dynamics in archaeological data [113,117]. 
Holling’s discontinuity hypothesis was developed as a way to empirically test the adaptive cycle 
(Holling, personal communication), as it presumes hierarchal, nested, discrete scale domains, much as 
the cross-scale model was developed as a way to empirically test resilience within and across 
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ecological communities. Part of the reason the adaptive cycle and resilience theory have not been 
embraced with more rigor might be a function of the inherently qualitative nature of the concepts—
without the cross-scale model as a means of testing whether key functional elements and the pattern of 
their distribution contributes to resilience, there is no recourse but description. One exception has been 
the work by Nelson et al. [118,119], which assessed whether diversity in household-level variables 
was correlated to resilience. The mixed results of those studies provide an important caveat to the use 
of the cross-scale model: first, the authors explored only diversity (and not redundancy) and its 
relationship to resilience, and at only two levels of subjectively-selected human organization 
(household and village). Second, all variables are not created equally. In other words, although animal 
body mass and the functions a species provides appear to incorporate many of the most critical 
elements of system structuring and system resilience, it is unknown what archaeological variables 
reflect the core processes and functions present in human social systems, and whether the 
archaeological material culture available to researchers, such as pottery styles, sufficiently represents 
the key scaling processes structuring human societies. How the basic concepts of diversity and 
redundancy within and across system scales translate into human material culture is an open question, 
but the cross-scale model would provide a quantitative platform with which to explore these not 
insignificant questions. Beekman and Baden [120] argue that rather than focusing on self-similarity 
across scales, a common feature of complex systems often embraced by researchers, the social 
sciences should concentrate on “phase transitions, emergence, and distinct scales of analysis with 
distinct rules”. 
Scaling in human population size has been treated by archaeology in a variety of ways and at 
various levels of organization. For the level of early villages, Rappaport [121] developed what he 
called the “Irritation Coefficient”, which described the non-linear scaling relationship between an 
increase in population size and an increase in sources of irritation, or frequency of disputes. Gregory 
Johnson dubbed the phenomenon scalar stress, and argued from a social evolution perspective that due 
to the “Irritation Coefficient”, expanding populations will either be forced to fission, and split into 
smaller and more manageable groups, or a higher-level governing layer capable of mitigating scalar 
stress will emerge [122]. Though archaeological evidence for fissioning in early villages and/or the 
emergence of a higher-level of institutional complexity is scarce due to the difficulties of data, scalar 
stress and its role in structuring scale domains of human population sizes remains a widely accepted 
theory [121,123,124]. The degree of acceptance despite the scarcity of hard evidence stems from work 
done by a wide array of theorists who have demonstrated that (a) the location of population size “hinge 
points”, or thresholds, are common across human populations situated in very different environmental 
and cultural contexts; and (b) human cognitive factors such as short-term and long-term memory and 
limitations in information processing capabilities provide mechanisms for population hinge  
points [105,107,108,125]. 
Subsequent work has shown that while the relationship between size and complexity is in general 
true, it can break down at narrow demographic ranges, as local context becomes more critical in 
structuring populations and their complexity [126] and this is congruent with the discontinuity 
hypothesis. A discontinuity analysis on archaeological data would be revealing of the key scale 
domains within which human populations fall, particularly as it uses raw data while previous work on 
archaeological data has used binned data, which can muddy the ability to find break points or clusters 
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in rank-ordered data [108,126]. If human population sizes are structured by key processes operating at 
discrete spatial and temporal scales as Kosse [105] and others have suggested [107], then a resilience 
assessment could be conducted using the complexity variables already well-established in the 
archaeological literature [126]. Resilience could be synonymous, for example, with locational 
persistence at a comparable complexity, and its correlation with diversity and redundancy of 
environmental resources or social networks, or any other factors deemed critical for long-term 
persistence could be tested. If a discontinuity analysis detected similar aggregations of population sizes 
across disparate environments and cultures, this would indicate that the processes scaling populations 
are general to all humans, which would suggest that they are based on conservative patterns in primate 
evolution. One alternative is that some scales of aggregation are structured by primate evolution, while 
others may be more contingent on regional context, be it environmental or social, that nonetheless 
ought to be persistent and characteristic across types of environmental constraints or human political 
organization (e.g., collective leadership vs. autocratic leadership) [126]. Another alternative is that it 
may only be appropriate to apply discontinuity analysis and the cross-scale model to populations at 
regional scales, as is the case when applying these methods to ecological systems. If basic scaling 
processes can be associated with human population size classes, then comparative studies can begin 
assessing the degrees of resilience of various communities. 
2.3. Economic 
Since the Great Depression of the 1930s and the subsequent Keynesian Revolution, economics as a 
profession has been divided into two separate disciplines: microeconomics and macroeconomics. 
While the former studies micro fundamentals such as the specific market interactions of individuals 
and firms, the latter focuses on aggregates such as employment, interest rates, gross domestic product 
(GDP) and their fluctuations. Both the failure of macroeconomics to incorporate micro behavior, and 
conversely, the assumptions made when macro models do incorporate micro fundamentals has resulted 
in heated debates over the years (e.g., [127,128]). The micro-macro divide persists, to the point that 
most economists define themselves as one or the other. The inability of economics as a science to 
bridge the two distinct but interacting scales of behavior and dynamics underlines a need for 
alternative approaches. 
Complex systems science has been slow to permeate economics, and despite recent  
progress [19,53,129–132], the study of economies as CASs has remained at the fringes of economics. 
Joseph Schumpeter was one of the few economists in the early 20th century who tried to understand 
the economy through a complex systems lens, but his ideas, emphasizing the dynamic nature of 
capitalist societies and business and economic cycles as endogenous behavior, have never been 
considered part of the mainstream [133]. Schelling [134] contributed to our understanding of self-
organization in space, but less is known about temporal self-organization, such as the causes of the 
business cycles. Neoclassical economics, the predominant school of thought in economics for over a 
century, emphasizes economies as equilibrium systems with linear dynamics [129], which is an 
inappropriate characterization for economic systems over meaningful time scales [19,53,135]. That 
economies are examples of CASs has been convincingly argued [19,129,130]; we extend that 
characterization by arguing that socio-economic systems can be usefully analyzed from the perspective 
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of discontinuous, hierarchical scales of structure, and the emergence of resilience from the distribution 
of key elements within and across the scales of a system. 
Growth dynamics in economies appears to parallel those of ecosystems, suggesting that the 
evolutionary processes at work in both CASs are similar. Ecosystems and economies tend to increase 
in complexity over time, as they evolve increasingly complex structures to dissipate greater amounts of 
energy [20,53]. Stability or persistence over time occurs because of positive and negative feedback 
loops that reinforce processes of self-organization. A primary feature of stability in CASs comes  
from the trade-off between diversity and redundancy, rather than from the maximization or 
optimization of efficiency by maximizing diversity [136,137]. Increased diversity provides adaptive 
capacity because for evolution to occur systems must be able to change structurally in response to 
selective pressures [19], while redundancies provide a greater ability to withstand the loss of any one 
entity in the system [1,137]. Maximizing efficiency is destabilizing at the system level, as 
redundancies are critical in order to buffer disturbances. Lee et al. [138] found that though larger 
economies tended to be more diversified and thus have smaller relative fluctuations in growth, they 
were less diversified than would be expected if diversity increased linearly with size. 
If size of economy is a key variable reflecting the scaling processes in economies, then the size 
distribution of economies should be discontinuous, reflecting the key scales of structuring processes.  
A cross-scale analysis of economies is predicted to confirm that the distribution of diversity within and 
across the scales of the system should be non-random, and those economies with increased diversity 
within scales and greater redundancies across scales ought to have greater resilience than less 
diversified economies. Guilmi et al. [139] found GDP per capita for countries between the 30th and 
85th percentile fit a power law, suggesting that there are multiple scales of structuring processes in 
order to explain the tails of the distribution. Hidalgo and Haussman [140] examined the economic 
complexity of nations from a network perspective, moving away from traditional geographic or 
institutional explanations of economic growth. They focused on how the diversity of a country’s labor 
inputs and the degree to which their exports are non-ubiquitous positively correlates with higher GDP, 
as well as being a good predictor of future GDP growth, demonstrating the importance of analyses that 
depart from a singular focus on system growth measures towards approaches that consider indicators 
of system resilience, and challenging classical theories on comparative advantage in economic 
development (e.g., [129]). 
Ormerod [141] examined the resilience of capitalist economies to recessions, defining resilience as 
the duration of a recession, and found that capitalist economies were surprisingly resilient. Though this 
definition of resilience falls into the engineering category, presuming a single equilibrium state, it is 
one of the few to explicitly analyze how rapidly an economy is able to reorganize and rebound.  
He found that more than two-thirds of all recessions in the last 140 years lasted only a single year, 
regardless of the initial size of the recession. As there were a wide range of policy reactions to the  
255 recessions, Ormerod [141] postulated that resilience to recessions is an inherent feature of 
economies, though without offering suggestions as to what structural features or mechanisms of a 
capitalist economy buffer the disturbance effects of a recession. The data did not fit a power-law, 
allowing us to reject the possibility that the probability of recessions is scale-invariant, and inviting the 
possibility that the cross-scale model could provide a method for probing the cross-scale characteristics 
contributing to economic resilience. 
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3. Tests of the Cross-Scale Model 
Applying the cross-scale model to non-ecological systems requires data that can be rank-ordered 
and is assumed to reflect key scaling processes, such as animal body masses in ecological systems, city 
sizes in a region, or firm sizes in an industrial sector (see Table 1 for examples). The data can be 
analyzed for discontinuities using one of several methods previously discussed (i.e., BCART, GRI, 
cluster analysis, fractal dimension, or time series analysis). The distribution of functionality within and 
across the scale domains identified in the discontinuity analysis is proposed to directly affect  
system-level resilience, so the data also needs to have a functional attribute associated with it. In 
ecological systems, this is represented by species’ functional traits, while in economies it might be the 
diversification of sectors contributing to GDP, or in anthropological studies the diversity of food 
resources available to populations. The next step is to analyze the distribution of functional attributes 
within and across the scale domains identified [41,72,78]. Are the functions non-randomly distributed? 
Finally, the distribution pattern of function needs to be related to some measure of resilience, such as 
employment volatility [85], regime shifts in ecological systems [47], or socio-political upheavals [142]. We 
have outlined some systems that could be explored in this way, with examples of variables that can be 
rank-ordered, and functional attributes associated with those variables that can be analyzed for a 
measure of resilience (Table 1). 
4. Conclusions 
Biota, including humans, interact with the environment at distinct scales and create self-reinforcing 
patterns resistant to disturbance [143]. The multiple but distinct scales of self-organization and the 
distribution of function within and across scales generates system-level resilience [1]. Thus, a system’s 
resilience is dependent upon the interactions between structure and dynamics at multiple scales. 
Science has historically assessed complex systems in a reductionist fashion, decomposing the 
system into its constituent parts and attempting to understand and define the mechanisms driving each 
part. While the knowledge gained about the individual parts of the system has been invaluable, it has 
not led to the hoped-for insights into managing the system as a whole. Complex systems science has 
sought to address this by uncovering the general rules of behavior governing complex systems, rules 
that are not adducible from examining the constituents of the system. If resilience to disturbances is an 
emergent phenomenon of complex systems beyond ecosystems, then research into the key variables 
and patterns driving resilience provides an avenue for research tracking changes in resilience over 
time, conducting comparative analyses of resilience between systems, or as means of identifying 
critical variables on which policy and management actions should focus. The cross-scale resilience 
model provides a method for non-normative, quantitative assessments of resilience, and is, to our 
knowledge, one of the only methods available for doing so. 
Our ability to identify and measure the key cross-scale variables that contribute to resilience 
provides society with more tools for prioritizing what system features and dynamics we try to manage. 
The increasing risk of concatenated crises suggests an urgency for doing so [144]. Just as network 
theory has contributed to our understanding of how network structure shapes a network’s resilience to 
loss of nodes [145], the cross-scale resilience model contributes to our understanding of how the spatial 
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and temporal distribution of key system variables buffers a system against disturbance and loss [1]. It is 
critical that we allocate our management resources towards system components and dynamics that 
underpin the fundamental resilience or behavior of the system, as opposed to identifying management 
targets based on subjective or reductionist views of what “matters” in the system. 
In an economic example, managing product diversity through industrial policy demonstrates how an 
improved understanding of cross-scale dynamics could parlay into more influential management efforts 
(policies, in this case). Classical theories of comparative advantage suggest that product specialization 
maximizes social welfare at the country-level. However, we now know that product specialization 
alone makes economies highly vulnerable to external factors such as price fluctuations and price 
collapse in international markets. Cross-scale resilience suggests the implementation of economic 
policies whereby product diversity is at the core of economic development, as proposed in [146], but 
where system structure is recognized as multi-scaled and discontinuous and system dynamics are 
understood as cross-scale. 
Although the cross-scale resilience model can be used to diagnose the relative resilience of a 
system, there are limitations to the approach. Assessing the distribution of functions within and across 
scales does not provide information regarding detailed relationships between and among functional 
elements, which is a strength of network approaches. The discontinuity hypothesis and the cross-scale 
resilience model allow for inferring general relationships, such as the supposition that interaction 
strengths between elements operating at the same scale will be stronger than those interacting across 
scales. The cross-scale resilience model, in its current form, also fails to evaluate the strength of 
feedbacks between biotic and abiotic variables, an important component of resilience. Similarly, 
although mechanisms have been inferred, the model does not directly provide information on the 
mechanisms underlying observed patterns. In its current form, the cross-scale resilience model also 
fails to account for abundance of elements and functions, or the role of rare elements in providing 
adaptive capacity [147] during disturbance and perturbation. Finally, it is not always possible to 
identify the key variables to include in an analysis, and the inclusion of the wrong types of variables 
may lead to spurious conclusions. 
Utilization of the cross-scale resilience model may be most appropriate for comparative 
assessments, and as a relative measure. For example, the approach has been used to assess the 
resilience of subarctic lakes that are presumably threatened by global change, with vulnerability 
thought to increase with latitude [41]. However, Angeler et al. [41] found that boreal and circumboreal 
lakes were both surprisingly robust to changing environmental conditions, because the distribution of 
functional feeding guilds of invertebrates were similar within and across scales for all lakes. However, 
managing specific scales within the lakes was deemed impossible because the cross-scale distributions 
reflected environmental change at broad spatial extents with slow dynamics that are difficult to control. 
Nonetheless, the improved mechanistic insight into ecosystem dynamics would aid managers in 
focusing efforts on functional scales that are actually amenable to management action. 
The application of these concepts to other types of systems is in its infancy, though work on the 
distribution of firm sizes and their “functional” role strongly suggests that similar processes are at 
work in structuring key patterns in economic systems. Many systems not discussed here would be 
conducive to a cross-scale resilience analysis, such as those found in neurology, immunology, 
physiology, microbiology (virology and bacteriology, as well as relationships with human health), 
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paleo-ecology (e.g., diatoms), evolution, and political science. Many questions remain, but testing the 
cross-scale resilience model on these varied systems could lead to significant breakthroughs. 
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